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ABSTRACT
Our paper reinvestigates the role of short-selling constraints and risk in explaining the abnormal returns from the momentum trading strategy, particularly from the losers’ side.  We argue that short sales can create a situation in which the loser portfolio is more profoundly affected; this phenomenon may explain the bulk of the momentum abnormal returns that are asymmetrically contributed by the loser portfolio.  We also develop a more complete proxy for short-selling constraints and risk, which complements the previous proxies that focused on one short-selling constraint, stock availability under the framework of demand and supply.  With this new proxy, we find that the short-selling constraints and risk explain the momentum abnormal returns from the loser portfolio strongly and independently.  Stocks that are mostly short-selling constrained generated the lowest returns.  This result also offers collateral evidence to the long debated overpriced-stock question from a different viewpoint, i.e., the momentum strategy perspective.  Our study also provides an explanation on how shorting demand is determined, i.e., how it is affected by different market and stock characteristics.
INTRODUCTION
   Recently a few papers have noted the following: (1) the proportional contributions of the winner and the loser portfolios to the momentum abnormal returns are indeed asymmetric (Hong, Lim, and Stein, 2000, Lesmond, Schill, and Zhou, 2004); and (2) the characteristics of the loser firms are quite unique.  Unlike winners, the stocks that generate the bulk of the momentum abnormal returns are the “losers” that can be characterized as small, low-price, high-beta, off-NYSE stocks.  Those stocks are typically hard to sell short, and involve high trading costs (Lesmond, Schill, and Zhou, 2004).  


Due to the different characteristics of winner and loser portfolios, the winner and loser portfolios can be sensitive to different risk exposures.  Therefore, in order to understand clearly the sources of the momentum abnormal returns, it is essential to look into the winners and losers separately and investigate the specific risk factors that could affect the winners or losers as a group.  Given the overwhelming contribution the loser portfolio makes to the momentum abnormal returns, this study will focus on the losers’ side of the phenomenon.  


Specifically, this study will investigate the role of short-selling constraints and risk in loser portfolios in order to explain momentum abnormal returns.  Among all the risks that could affect winner and loser portfolios, short-selling constraints and risk are the constraints and risk that impact much more on the loser rather than the winner portfolio.  Therefore, the short-selling constraints and risk of the losers are more sensitive and may play a very important role in explaining the asymmetric contribution of loser portfolios, and hence the major source of the momentum abnormal returns.  

Since the short-selling constraints and risk are much more sensitive to the losers, they may not reflect a significant level of explanatory power if the total momentum abnormal returns are examined.  Unlike previous literature that has focused on the explanations of the total momentum abnormal returns, one of the contributions of this study is to investigate the short-selling constraints and risk on only the component momentum returns from the losers’ side.  


The short-selling constraints and risk this essay investigates are the constraints and risks that, due to economic and cultural reasons, make the investors (1) to bear higher costs or (2) to live with the fact that short-selling is not always feasible due to regulatory restrictions or cultural biases, or (3) to cope with the limited availability of stock to borrow, or (4) to shoulder the costs of the premature short-squeeze repayment
, or (5) to bear the very high borrowing costs if the stocks are special.
The most challenging impediment that researchers must attempt to overcome in our type of research is the unobservability of the short-selling constraints.  There are two major ways to address this issue: (1) with proxy and (2) without proxy.  Early research started by using the short-interest ratio to proxy for the short-selling constraints.  Later, this proxy was criticized as being uninformative about short-selling constraints and risk because there is an ambiguous causality between short interest ratio and short-selling constraints.  To wit, stocks may have low level of short interest because there is low demand to short or they are subject to severe short-selling constraints.  Another stream of proxies was developed under the framework of demand and supply.  It is argued that stocks are short-selling-constrained when there is a strong demand to sell short and a limited supply of shares to borrow (Asquith, Pathak and Ritter, 2005).  Therefore, two variables are used together to proxy the short-selling constraints.  Asquith, Pathak, and Ritter (2005) use short interest ratios as a proxy for short-selling demand, and institutional ownership as a proxy for lendable supply.  They define the short-selling-constrained stocks as those with the highest short interest ratios and lowest institutional ownership.  However, as mentioned earlier, short interest ratios may not be a good proxy for shorting demand, because the measure is confounded.  They argue that short-selling constraints are not common, because only 5% of the stocks on the NYSE, AMEX or NASDAQ have more short interest than their institutional ownership.  However, shorting demand is a different concept than realized short interest.  That institutional ownership is larger than realized short interest does not clearly imply the shorting demand is fully satisfied, because stock availability is only one type of short-selling constraints.  There can be other constraints, for example, uptick rules, which prohibited the short-selling transactions in certain circumstances before July 2005.  Cohen, Diether and Malloy (2007) utilize the price-quantity pairs to gauge short-selling risk in stocks.  By using a proprietary dataset consisting of loan fees and quantities shorted from a large institutional investor, they employ loan fees as shorting price, and percentage of shares on loan as quantity to gauge the short-selling constraints.  They argue that an increase in the loan fee coupled with an increase in the percentage of outstanding shares on the loan correspond to an outward shift of the shorting demand.  Similarly, a decrease in loan fees coupled with a decreased loan quantity represents an inward shift of the shorting demand.  However, their proprietary dataset includes only one institutional investor within a four-year span
.  Ali and Trombley (2006) utilize the research by D’ Avolio (2002), and create the variable Prob to proxy short-selling constraints and risk.  The Prob is constructed as the predicated value of the dependent variable conditional on the six significant determinants of a stock being special in the logit model from D’ Avolio (2002).  Ali and Trombley (2006) is also the first and only paper before us that uses short-selling constraints to explain the abnormal returns from the momentum strategy.   
It is well known in the literature that short-selling activities are unreasonably low in the market.  The majority of stocks virtually have no short interest outstanding at any given point of time (Chen, Hong, and Stein, 2002).  The realizable demand for shorting is probably much larger than the recorded short interest.  However, due to some short-selling constraints, the realizable demand is not observable.  In this way, instead of serving as a usual proxy for shorting demand, short interest actually represents the realized shorting demand.  Therefore, if we could find out the realizable demand for short-selling, then the difference between the realizable shorting demand and the realized shorting demand represents the shares subject to some type of short-selling constraints.  This difference can serve as an alternative proxy for short-selling constraints.  Through this method, the short-selling constraints and risk are proxied by one variable.  This new method not only addresses the confounding problem of short interest ratio, but also avoids establishing another proxy for supply.  More importantly, this proxy accounts for all types of short-selling constraints, named or unnamed, that have hindered potential short-selling transactions.  Therefore, it is a more complete proxy for short-selling constraints.  The measure also complements the study of investigating only one short-selling constraint---stock availability under the framework of demand and supply.  

Due to the short-selling constraints, the observed short interest ratio only reflects part of the realizable shorting demand.  Therefore, the realizable shorting demand should be always equal to or greater than the recorded short interest ratio, depending on the extent of short-selling constraints.  In other words, the observed short interest ratio always gives us the lower bound of the realizable shorting demand.  By the same token, theoretically, the shorting supply is a natural upper bound of shorting demand that can be realized.  D’Avolio (2002) shows that the main suppliers of stock loans for short sales are institutional investors.  Furthermore, Nagel (2005) argues that short sales depend heavily on the existing owners of a stock, because the nonowner investors cannot sell the shares short without borrowing shares from the existing owners in the first place.  Based on the research of Asquith, Pathak, and Ritter (2005), institutional ownership is greater than short sales for 95% of stocks among 5,500 domestic operating companies trading on the NYSE and NASDAQ markets over the entire time period of 1980-2002.  Therefore, it is reasonable to use institutional ownership as a conservative upper bound for the realizable shorting demand.  

   
In our theoretical design, the realizable shorting demand always falls within an interval, with the censoring values varying for each observation.  Therefore, an interval regression can be used to estimate the realizable shorting demand given the suppressed short interest ratio and conservative institutional ownership.  The interval regression is a generalization of the censored-normal model and the tobit model.  While the tobit model requires one censoring threshold for all the observations, the interval model allows the censoring values to vary across individual observations.  Compared to the censored-normal model, which only allows single-sided censoring, i.e., left or right censoring, the interval model permits the data to have double-sided censorings.  Specifically, in the interval regression, the dependent variable for each observation can be either point data, where the lower and upper bounds are the same as the observed value, or interval data where the lower and upper bounds are different
. 

After estimating the realizable shorting demand by using the pooled interval regression model, our study will investigate first the direction and magnitude that various factors exert on the realizable shorting demand.  These market and stock factors are: (a) market to book ratio as in Barberis and Shleifer (2003); (b) institutional ownership, as in Nagel (2005); (c) analyst forecast dispersion as in Diether et al. (2002); (d)  trading volume as in Lee and Swaminatham (2000); (e)  liquidity as in Sadka (2006); (f) firm level volatility as in Ang et al. (2006); (g) size as in Lewellen (2002);  and (h) options, call or put, as in Ofek, Richardson and Whitelaw (2004).  Secondly, the study uses the obtained proxy for short-selling constraints from the pooled interval regression model to examine directly whether and how well the short-selling constraints can explain the momentum abnormal returns from the loser portfolio.  

The pooled interval regression shows that short sale is a contrarian sign, and investors tend to short more when the current and past returns are high.  Similarly if the stock has a potential of price increase as indicated by a high market-to-book ratio, the shorting demand declines.  Furthermore, short sellers are rational in taking risks and try to avoid unnecessary risks.  When the market has higher past return volatility or higher controversy about stock valuation, the short sellers will short less to avoid potential higher risk.  Similarly, if a particular stock is more liquid as indicated by a higher trading volume or by a large but not too large firm size, the shorting demand increases.  Therefore, even though in literature trading volume has been treated as proxy for either liquidity or difference of opinions, our study shows that it is more of a proxy for liquidity.  We also find that short sellers are informed, rather than noise traders.  For example, when the market indicates that it is more likely the information will be permanently embedded in the stock price, the shorting demand becomes higher.  Option markets also have complementary rather than substitution effects on short sales.  

By double sorting the above control variables and the short-selling constraints, we find strong evidence that short-selling constraints demonstrate an independent and persistent explanatory power in predicting the cross-sectional variation of stock returns, even after holding the control variables constant.  More importantly, these cross-sectional variation of stock returns consistently show the same pattern that stocks which are most severely short-selling constrained generate the lowest returns.  This is because when stocks are short-selling constrained, the pessimistic information will not be released to the stock price quickly.  Thus, those stocks are severely overpriced and the returns are significantly smaller.    

The contributions of our study to the extant literature are: First, unlike previous studies which use the same risk factors to explain the total or the combination of both the winners’ and the losers’ returns, our study argues that the impact of the risk factors to the long and short sides are different; hence, we investigate the short-selling constraints and risk particular to the short side returns, which comprise the bulk of the momentum abnormal returns.  Second, our study creates a more complete proxy for short-selling constraints and risk, which includes almost all types of short-selling constraints.  This new proxy complements the previous studies that focused on one short-selling constraint, i.e., stock availability under the framework of demand and supply.  Third, our study also provides an explanation on how shorting demand is determined, and how different market and stock characteristics can affect it.  Finally, our study also offers collateral evidence to the long debated overpriced-stock question from a different viewpoint, i.e., the momentum strategy perspective.  
THORY AND HYPOTHESIS


  Some recent studies have concluded that the contributions of the winner and loser portfolios to the momentum abnormal returns are asymmetric.  Surprisingly, the losers, not the winners, are the dominant driving force of the puzzling abnormal returns from the momentum strategy.  Therefore, the unique characteristics the losers possess (and the risk factors that they are more sensitive to) have become a natural focus of the ongoing research.  The losers belong to the small, low-price, high-beta, off-NYSE stocks that are typically hard to sell short and involve high trading costs (Lesmond, Schill and Zhou, 2004).  Furthermore, unlike the winners, losers are involved in a different trading activity: short-selling.  Therefore, they are impacted much more by the short-selling constraints than the winners.   

Meanwhile, another avenue of research has grown fast and has argued strongly that short-selling constraints can withhold pessimistic opinions from the market and can thus lead to an overpricing of these stocks.  The baseline for this argument is that when some stocks are underpriced, the sophisticated investors with full information could always bid a higher price in the market and buy them.  However, if some stocks are overpriced, the sophisticated investors cannot sell them if they do not own them in the first place, nor can they borrow them from their current owners who do not have enough information and do not believe the stocks they own are overpriced
.   

If the above logic makes sense in the market, then the phenomenon of losers continuing to perform badly in the momentum strategy may be explained by the short-selling constraints, which hinder pessimistic opinions from influencing the prices quickly enough.  However, the mechanism underlying the explanation of the short-selling constraints is totally different from that of the behavioral hypotheses.  The short-selling risk explanation assumes that the investors are rational, regardless of whether they are pure or adaptive.  The main hindrance resides in the market frictions: regulations, cultural biases, stricter requirements and higher transaction costs.   

Motivated by the above arguments, our research hypothesizes that the short-selling constraints and risk may explain a good part of the momentum returns from the loser portfolio, which consists of the bulk of the abnormal returns from a momentum strategy.  

Hypothesis: Stocks that are most constrained by the short-selling constraints and risk generate the lowest momentum returns from the loser portfolio. 


This hypothesis derives from the argument that the behavior of the stocks with the most severe short-selling constraints will prevent more pessimistic information from quickly being reflected in the price.  Thus, the losers will be more severely overpriced, and the returns will be significantly lower.
DATA AND METHODOLOGY
The data on stock returns are collected from the Center for Research in Security Prices (CRSP) Monthly Stock File for NYSE, Amex, and Nasdaq stocks.  Throughout the study, closed-end funds, American Depository Receipts (ADR), real estate investment trusts (REIT), and primes and scores
 are excluded.   The short interest data come from two sources.  The majority of them are obtained from the Bloomberg database from January 1, 1988 to February 29, 2008.  The data were backfilled in June, 2008 to update for ticker changes, delisting, and acquisitions.  The rest of them are obtained from the CRSP/Compustat Merged Database.  The short interest data contain most of the companies that are listed in the CRSP.  The variable of short interest is the total number of shares investors have sold short but have not yet bought back.  The short interest ratio (SIR) is the total number of shares an investor has sold short divided by the shares outstanding for a specific month
. 


Data on institutional holdings are extracted from the Thomson Financial Institutional Holdings (13F) database.  The quarterly holdings start in the first quarter of 1988 and end in the last quarter of 2007.  The shares of institutional ownership are calculated by summing up the stock holdings owned by all reporting institutions for each stock in each quarter.  Following Gompers and Metrick (2001), stocks that are on CRSP but without any institutional holdings are assumed to have zero institutional ownership. We also exclude the observations with institutional ownership greater than 100 percent, which are subject to double counting problem.  As mentioned in the user’s guide of Thomson Financial database, the spectrum’s records of late filings reflect stock splits that have occurred between the report date and the filing date, some even reflect stock splits after the filing date.  The longest gap between the report date and filing date is two years.  This inconsistency makes the data hard to compare among late filers and on-time filers.  Therefore, following Nagel (2005), the institutional holdings (13F) database is unadjusted for stock splits which occur between the report and filling dates.  Institutional ownership (IOS) used in this study is the quotient of the institutional ownership for each company and its corresponding shares outstanding.  


Market-to-book ratio (MB), analyst forecast dispersion (ADISP), firm-level volatility (VOL), turnover for current month (TURN) and previous month (lagTURN), Liquidity (LIQ), firm size (logSZ) and its squared form (logSZSQ), stock return for current month (RET) and previous month (lagRET) and option status (CALL and PUT) are also used to estimate the latent shorting demand.


The book value of equity is defined as common equity plus balance sheet deferred taxes and is obtained from the CRSP/Compustat Merged Database.  For each month, the market-to-book ratio is calculated as the quotient of the market value of equity at month t divided by the most recent fiscal year-end book value of equity that is at least six months ahead of month t.  If the book value of equity is negative, the market-to-book ratio is set to missing.  


As in most studies, analyst forecast dispersion (ADISP) is obtained from the Institutional Brokers Estimates System (I/B/E/S).  It is the standard deviation of current fiscal year earnings per share forecasts scaled by the absolute value of mean earnings forecasts, for each month from January 1988 to December 2007.  Since the I/B/E/S data have a rounding problem related to stock splits, the unadjusted summary data in I/B/E/S are used.  


Firm-level volatility (VOL) is the standard deviation of a firm’s monthly stock returns over the last 12 months.  Firm size (logSZ) is the log form of market capitalization.  We also include the squared logSZ to capture the possibility of a nonlinear relationship.  


Turnover (TURN) is the monthly ratio of trading volume divided by the number of shares outstanding from CRSP.  LagTURN is the turnover of the previous month.  As pointed by Atkins and Dyl (1997), in the dealer market, NASDAQ double counts the buys and sells from the dealers.  Therefore, to make the stock turnover comparable within all exchanges, we followed Nagel (2005) and divided the stock turnover from NASDAQ by two. 


Liquidity (LIQ) is obtained from Liquidity factors in WRDS.  This variable is derived by Sadak in his 2006 paper, and, in our study, is extracted monthly from January 1988 to December 2005.  According to Sadak, 2006, firm-level liquidity is decomposed into variable and fixed price effects.  Liquidity is the variable or permanent part of price effects.  It is a non-traded, market-wide, undiversifiable risk factor that is priced in the momentum portfolio returns. 


Call and Put are monthly data obtained from Bloomberg.  They are all call or put option contracts (all strike prices and expiration dates) outstanding for a particular security.  These two variables are scaled by shares outstanding in units of thousands.  

Summary Statistics
Table 1 presents the summary statistics for the short interest ratio (SIR), institutional ownership (IOS) and predictor variables for the realizable shorting demand (SID): MB, ADSIP, VOL, TURN (lagTURN), RET (lagRET), logSZ (logSZSQ), LIQ, CALL and PUT.  The sample period for the final dataset runs from January, 1988 to December, 2005.  


Panel A indicates the mean and median values of the above variables.  It is worth noting that there is a significant difference between the mean and median values of SIR.  Although most stocks have very small short interest ratio throughout the period (the 90 percentile of SIR is less than 6.42%), 0.47% of the SIR observations are larger than 1.  These observations sharply increase the mean value of SIR.  From 1988 to 1990, the short interest is so sparse that almost no short interest is observed; this time interval is clearly different from the later years in the period.  We do not know whether data are missing or whether there is simply no short sale for those three years.  The average numbers of firms per month indicate that the sample sizes for the different variables are quite different.  In particular, CALL and PUT obtained from the Bloomberg database only have average cross-sectional sample sizes of 1297 and 1284 firms, respectively, which represent approximately one-third of the sample sizes for the other variables.  This sample size gap causes a great reduction of data in the later analysis. 


All of the correlation coefficients are calculated cross-sectionally for each month and then averaged throughout the whole time period in panel B.  Because LIQ is a yearly datum without cross-sectional variation, it is excluded in panel B.  TURN, CALL and PUT are strongly correlated with each other, with pairwise correlation coefficients ranging from 0.4055 to 0.8367.  This result indicates that when the equity market is trading actively, the option market corresponds.  The very high correlation between CALL and PUT may result from divergent opinions in the market or from option trading strategies.  The variable SIR is strongly correlated with the variables CALL, PUT, TURN, IOS, and logSZ, with pairwise correlation coefficients ranging from 0.1263 to 0.5697.  These correlations indicate that short sales are more active when equity and option markets are more active.  As the variable IOS is a proxy for the potential supply of loanable stocks, the positive correlation between SIR and IOS indicates that stocks with greater institutional holdings tend be shorted more easily.  This finding is consistent with the extant literature that stock supply is a necessary but not sufficient condition for short sales and that institutional holdings are very important source of supply.  Similar to the finding of Nagel (2005), the variables IOS and logSZ exhibited a strong positive correlation, at a level of 0.6625.

Pooled Interval Regression and Realizable Shorting Demand

If short-selling constraints do exist in the market, then the short interest ratio we observe is a distorted demand measure with some of the shorting demand suppressed by the short-selling constraints.  Therefore, instead of being a proxy for the shorting demand, short interest ratio only reveals partial demand or realized demand.  The more short sale is constrained, the more shorting demand is suppressed and the less realized shorting demand is reflected.  The difference between the realizable and realized demand is the short-selling constraints quantified in the number of shares that could not be shorted by the short-sellers. 

Because the observed short interest ratio reflects the constrained demand, it is always the lower bound of the realizable shorting demand.  That is, the realizable shorting demand is always equal to or greater than the reflected short interest ratio, depending on the extent of the short-selling constraints.  Asquith et al (2005) find that, on a firm-by-firm basis over the entire time period of 1980-2002, 95% of their sample stocks in an average month have institutional ownership greater than the short interest.  This finding means that, for 95% of the data, the availability of the stock is not a constraint that hinders short sales.  Therefore, our study uses the institutional ownership as a conservative upper bound for the realizable shorting demand.  However, the use of this conservative upper bound means that one short-selling constraint, stock availability from the institutional investors, is ignored.  If the stock falls in the 5% cases in which the stock availability from institutional investors cannot be satisfied and acts as another short-selling constraint, the actual short-selling constraints should be even greater than the estimated short-selling constraints.  Therefore, by using this design, the estimated short-selling constraints are conservative measures of actual short-selling constraints, and do not have the danger of over-estimating the problem.  Using this theoretical design, the realizable shorting demand belongs to the category of interval data with the observed short interest ratio as the lower bound and the institutional ownership as the conservative upper bound.  


Interval regression is a generalization of the censored-normal-regression and the tobit models.  Unlike the tobit model, which requires one threshold censoring value for all of the observations, the interval regression allows the censoring values to vary from observation to observation.  Although the censored-normal-regression provides the varying censoring values, it only allows for three options: not censored (0), right-censored (+1) or left-censored (-1).  Therefore, among these three possible models, the interval regression best fits the shorting demand data for cases in which the censoring value fluctuates for each observation and, at the same time, the true values are bounded by an interval.


Interval regression can fit models for data in which each observation represents interval data, left-censored data, right-censored data, or point data.  Specifically, interval regression fits a model of y = [depvar1, depvar2] on independent variables, where the y for each observation is either point data, interval data, left-censored data, or right-censored data (Stata Reference Book, p. 506).  Depvar1 and depvar2 should have the following form: 

                Type of data
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If we know that the value for Jth individual is somewhere in the interval [y1j, y2j], then the likelihood contribution from this individual is simply Pr ([image: image2.png]V1
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denotes the random variable representing the dependent variable in the model.  


This study utilized pooled interval regression with cluster robust errors.  Pooled interval regression treats the whole sample as a long cross section of size N*T.  Cluster robust errors were used to catch the potential correlation of the dependent variable within a cluster (i.e., an individual firm in this study), possibly through unobserved cluster effects.  


 The linear interval regression model with cluster effects is specified as [image: image18.png]Vie = X + Uy



 , for i=1… N, t=1… T, where [image: image20.png]


is the error term.  The observed data consist of the couples ([image: image22.png]Viie
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 .  The log likelihood function to estimate the coefficients is[image: image28.png]InL =3, log [P



.  The advantage of pooled interval regression is that, with T fixed and N approaching infinity, the pooled interval estimator is consistent and [image: image30.png]


-is asymptotically normal without any assumptions that are required for fixed and random effect panel data regressions, other than identification and standard regularity conditions.  For example, the pooled interval estimator is consistent and asymptotically normal even under the following conditions: the error terms are arbitrarily serially correlated, the dynamics are not correctly specified, and the independent variables are not strictly exogenous (Wooldridge, Econometric Analysis of Cross Section and Panel Data).  Our data satisfy the conditions for T and N: a large number of clusters N and a relatively small group size T.  However, the usual standard errors and test statistics reported from a pooled analysis are not valid, and robust versions should be adopted to make the inferences in the pooled interval regression robust to arbitrary heteroskedasticity and cluster correlation.  The following corrected asymptotic covariance matrix is used when the observations occurring in groups may be correlated.  [image: image32.png]Est.Asy.Var[B] =V = [Z: (T, 0,) (L, 0,) T
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(Stata Reference Book)
ESTIMATED POOLED INTERVAL REGRESSION MODEL 
This section presents the results of the pooled interval regression, analyzes the determinants of the realizable shorting demand, and derives the short-selling constraints that will be used to explain the abnormal returns from the momentum strategy.  Through our research design, we will use institutional ownership as a conservative upper bound to estimate the realizable shorting demand.  Therefore, we will only focus on a subset of the database: observations with a short interest ratio less than or equal to the institutional ownership.  
Stock return, liquidity, dispersion of opinions, and option markets have been well documented in previous research as determinants of shorting demand.


RET, lagRET, and MB are return indicators.  Short-sellers can only profit when there is a potential overpricing or predicted future price downturn.  So they will short more when current or past return indicators are high.  Diether et al. (2008) found that short-selling activity was strongly positively related to past returns.  D’Avolio (2002) found that glamour stocks, i.e., stocks with high market-to-book ratios, increased the borrowing cost and the likelihood of being special.  Therefore, a high market-to-book ratio should decrease the shorting demand.  


VOL, TURN and ADSIP are proxies for differences of opinion or valuation dissonance.  D’Avolio (2002) found that stocks with high turnover had a higher probability of being special.  However, he was unable to find any statistically significant relationship between analyst dispersion and the borrowing cost of the stocks.  


Liquidity affects stock returns and, thus, shorting demand.  LIQ, TURN, and logSZ are liquidity indicators.  Besides the new role of serving as the proxy for differences of opinion, stock turnover has been a traditional proxy for liquidity.  Both Datar et al. (1998) and Brennan et al. (1998) documented that stocks with a high trading volume tended to earn lower future returns.  Given lower future returns, a high trading volume should boost the demand to short.  This matches with the proxy role of liquidity rather than valuation dissonance for trading volume.   LIQ is the market-wide liquidity risk, developed by Sadka (2006), which was found to be priced in the cross-sectional variation of stock returns.  Our study is the first to utilize this undiversifiable risk factor for measuring the shorting demand.  It is also commonly believed that stocks of large firms are more liquid with less information asymmetry, factor that should facilitate short sales.  


Option markets are closely related to the stock markets.  Option trading may facilitate or substitute for short sales.  Figlewski and Webb (1993) indicated that optioned stocks were more heavily shorted than non-optioned stocks and that option introductions coincide with increased short-selling of the underlying stock.   


Specifically, in our study, the pooled interval regression can be expressed as[image: image38.png]SID,, = Cons,, +VOL, * By + TURN,, * B, +lagTURN,, * B3 + RET,, * f, + lagRET,
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The pooled interval regression is run from January, 1988 to December, 2005.  The dependent variable is the latent shorting demand, which is bounded within the interval in which the actual short interest ratio is the lower limit and the institutional ownership is a conservative upper limit.  The standard errors are adjusted for the cluster effect.  The first column of Table 2 lists all of the independent variables.  The likelihood-ratio chi-squared test gauges the difference between the full model (with predictors) and the constant only model.  The chi-squared test indicates that the whole model is statistically significant at the 1% level.  All of the coefficients are significant at the 1% level.  All of the observations in the regression have unequal lower and upper bounds.  The McFadden’s adjusted R-square is 0.235.  Among the total of 135,116 predicted values, 1,787 observations (1.323 percent) are left censored and take on the value of the short interest ratio (i.e., the lower bound) and 4,117 observations (3.047 percent) are right censored and take on the value of the institutional ownership (i.e., the upper bound). The remaining 129,212 observations (95.630 percent) fall within the interval.  This result indicates that the majority of stocks are subject to short-selling constraints and that the realizable shorting demand is higher than the observed short interest ratio. 

Among the return indicators in Table 2, both the return and the past month return are positively related to the shorting demand.  Therefore, short-selling is a contrarian sign, and investors sell short to take advantage of potential price downturn or current overpricing.  The market-to-book ratio is negatively related to the shorting demand.  When the market-to-book ratio is high, the market has a high expectation of the earning power of the firm, which signals that the stock price will increase in the future.  This information decreases the demand for shorting.  

The differences of opinion proxies indicate different impacts on the shorting demand.  The analyst forecast dispersion variable indicates that, when there is a discrepancy in security values, investors become less likely to short.  This phenomenon can be associated with higher shorting costs and more trading risks because when the stock value is unclear, the borrowing costs and the probability of premature short squeeze risk are higher.  Similarly, the past 12-month return volatility variable displays a negative coefficient of -0.1743, indicating that the short-sellers are more reluctant to sell short when there is more disagreement about the stock intrinsic value in the recent period.  Because short sales are riskier than the long position, a volatile market makes short-sellers more cautious.  

However, the stock trading volumes in both the current and past periods show a clearly positive relationship.  This positive relationship is exactly opposite from the negative implication given by the other proxies for valuation controversy (i.e., analyst forecast dispersion and the past 12-month return volatility), implying that if investors disagree about the intrinsic value of the stocks, they tend to sell short more.  This contradiction can be explained by the proxy role of turnover.  Turnover is more of a proxy for liquidity rather than for valuation controversy among investors.  Only following the above explanation, could the positive relationship between turnover and shorting demand make sense.  More liquid stocks cost less to short and, ceteris paribus, increase the shorting demand.  Our results on turnover also match with the previous finding of both Datar et al. (1998) and Brennan et al. (1998) that stocks with high trading volume have low future returns.  This can be explained as a higher turnover can trigger an increased demand to short and lead to low future returns.  Therefore, even though turnover can reflect both liquidity and differences of opinion, our study indicates that it predominantly plays the former role.  


The liquidity factor (LIQ) is a measure that was described in a Sadka (2006) paper.  It is defined as the price-impact induced by trades and is separated into fixed (transitory) and variable (permanent) price effects.  The permanent change in the stock price is associated with a change in its perceived intrinsic value through the information effect and is dependent on the amounts of both informed and noise trading.  LIQ has a positive effect on the shorting demand.  When pessimistic information is more likely to be permanently embedded into the stock price, the shorting demand increases.  This effect implies that short-sellers are informed traders.  They tend to catch the correct timing to short and avoid short squeeze risk.  In the risk perspective, when there is less noise trading in the market, short sales are less risky, and the shorting demand increases.  Size has a quadratic effect on the shorting demand.  The shorting demand increases for the stocks of large firms, as large-firm stocks typically attract more attention in the media and reduce the information asymmetry.  At the same time, large-firm stocks are typically more liquid, as more institutional investors hold them.  Consequently, it is easier and less costly for investors to find stock loans for large-firm stocks and sell them short.  However, when the firm size is very large, the shorting demand decreases.  One possible reason for this phenomenon is that a very large firm typically has a high market price, which increases the costs to short (such as the margin requirement).


The option market (both call and put) facilitates short sales.  Stocks that are call or put option-enabled are more likely to boost the short sales.  This result is also supported by evidence from Figlewski and Webb (1993) that optioned stocks are more heavily shorted than non-optioned stocks.  They explain that when a put is purchased from an option maker, the market maker will normally hedge by shorting the stock and/or buying a call to reverse the position.  Diether et al. (2008) provide additional evidence for the above explanation for the call option.  Danielsen and Sorescu (2001) also find that, not only do call-only option listings increase the short interest, but joint put-call listings produce greater increases in short interest.  This finding matches with our observations in this study.  From the liquidity perspective, stocks with an active option market should also have an active stock market; both of these features indicate a more liquid market for trading and an easier environment for shorting.
SHORT-SELLING CONSTRAINTS AND MOMENTUM ABNORMAL RETURNS 
In Table 3, the stocks are sorted at the end of each month t into three short-selling constraints groups.  As indicated by Panel A, strong variation is seen in short-selling constraints across the three groups.  The time-series averages of the cross-sectional means and medians of short-selling constraints monotonically increase from a mean of 0.1281 and a median of 0.1438 in the low group to a mean of 0.2329 and a median of 0.2260 in the high group.  


In Panels B-H, we double-sort the portfolio by the short-selling constraints (SC), conditional on the independent sort of market-to-book ratio (MB), size (logSZ), past 12-month return volatility (VOL), analyst forecast dispersion (ADISP), turnover (TURN), call open interest (CALL), and put open interest (PUT).  At the end of each month, a portfolio is formed based on a double-sorting of the past 6 months’ mean values of the above variables, with a holding period of six months.  Hence, the holding periods are overlapping and one sixth of the portfolio is rebalanced every month, as in Jegadeesh and Titman (1993).  Returns in each portfolio are equally weighted and they are reported in decimal points per month. 


Panel B presents the MB results.  As the market-to-book ratio increases, the stock returns decrease in all subgroups within the same level of the short-selling constraints.  This finding indicates that glamour stocks tend to sell at relatively high price-to-earnings ratios, and thus, they tend to earn smaller returns relative to value stocks.  Within each subgroup sorted on the market-to-book ratio, stocks with stronger short-selling constraints tend to be more overpriced and earn smaller returns.  For example, in the subgroup with a low market-to-book ratio, the most short-selling constrained group earns a low return of only 1.29% and a much higher return of 1.88% in the least short-selling constrained group.  This difference is significant at the 5% level, after controlling for heteroskedasticity and autocorrelation.  Hypothesis I predicts that stocks that are most constrained by the short-selling risk generate the smallest returns.  As indicated by the table, this prediction is borne out remarkably well.  More importantly, the prediction holds when the market-to-book ratio (a factor that is widely believed to affect stock returns) is controlled at different levels.  Therefore, the explanatory power of the short-selling constraints is valid and independent of the market-to-book ratio in explaining the cross-sectional stock return predictability.  

The strikingly similar pattern we see in the MB results also appears in other predictors.  Panel C demonstrates the return patterns based on double-sorting according to the firm size and the short-selling constraints.  Even after sorting by the firm size, the stock returns still clearly decrease as the short-selling constraints increase.  The stock return in the SC1 group is only 1.15% for the low firm size group, and reaches as high as 1.48% for the least constrained group.  This pattern reinforces Hypothesis 1 that the stocks that are most constrained by the short-selling risk generate the lowest returns.  Short-selling constraints still show an independent power in explaining the cross-sectional return variations, after controlling for size effects.  

Panel D also displays a very similar pattern as the previous return predictors.  When the past 12-month return volatility data are sorted, short-selling constraints still cause the stock returns to decrease across the SC groups.  For example, when the past return volatility is high, the stock return drops from 1.17% in the SC3 group (the least constrained group) to 0.37% in the SC1 group (the most constrained group).  This drop is statistically significant at the 5% level.  This finding further supports Hypothesis 1 that more short-selling constrained stocks are subject to more overpricing and tend to provide lower returns.  Therefore, when the stock market is more volatile or there is more controversy about the intrinsic value of a stock in the past, the short-sellers tend to be more reluctant to sell short to avoid more risk, which translates into more overpriced stocks and lower stock returns.  Therefore, past return volatility and short-selling constraints have individual explanatory powers in stock return variations.   


Panel E reports the stock return variations after a double-sorting of the analyst forecast dispersion and the short-selling constraints.  This panel is important because it directly tests the long-debated hypothesis proposed by Miller (1977) that short-selling constraints in a market of heterogeneous beliefs will cause stock overpricing.  However, stocks with the highest degree of heterogeneous beliefs do not display the largest return differences when the short-selling constraints increase from the lowest group to the highest.  In the group with the most heterogeneous beliefs (the P1 group), the stock returns show a clearly increasing pattern as the short-selling constraints decrease.  Therefore, stocks with more short-selling constraints are possibly overpriced more, even after controlling for heterogeneous beliefs in the market, which is consistent with Hypothesis 1.  Furthermore, this pattern exists in other groups with different levels of valuation controversy. 


Panel F indicates that Hypothesis 1 is still very significant when the portfolio is double-sorted by turnover and short-selling constraints.  The stock return in SC1 is lower than that in SC3, given the same level of stock turnover.  For example, given a low level of turnover, the stock return is 1.08% in the most short-selling constrained group but is as large as 1.53% in the least constrained group.     


Panels G and H again indicate the persistent and independent explanatory power of short-selling constraints in predicting cross-sectional stock returns.  As predicted by Hypothesis 1, the stocks that are most severely short-selling constrained earn the lowest return in all the subgroups ranked by call (put) open interest.  For instance, the stocks with high call or put open interest earn a return of 0.96% in Panel G and 0.95% in Panel H in the most short-selling constrained group.  However, they earn as high as 1.70% in Panel G and 1.52% in Panel H when they are in the least short-selling constrained group.  


 Therefore, the above double-sorting analysis demonstrates a clear and strong pattern that stock returns decrease as short-selling constraints become more severe while holding one of the controlling variables constant.  This cross-sectional variation verifies the first hypothesis that the stocks that are most constrained by short-selling risk generate the lowest returns.  Short-selling constraints have a strong and independent explanatory power for predicting cross-sectional stock returns. 
CONCLUSIONS


The evidence presented in our study suggests that short-selling constraints play a very important role in explaining the source of momentum abnormal returns.  We support that the predictable return from the loser portfolio, which is also the major contributor of the momentum abnormal returns, arises from the short-selling constraints.  After constructing a new proxy for short-selling constraints, we find that, consistent with the above argument, stocks that are mostly short-selling constrained generate the lowest returns, even after controlling for the other stock characteristics that are traditionally believed to determine stock returns, such as the market-to-book ratio, turnover ratio, past return volatility, analyst forecast dispersion, call (put) open interest, and firm size.  This return prediction in the momentum strategy supports the mispricing explanation that stocks with more severe short-selling constraints prevent pessimistic information from being quickly released into the stock price, causing those stocks to be overpriced.  These results also support Miller’s (1977) hypothesis that stocks are overpriced in the presence of short-selling constraints and heterogeneous beliefs.

We also derive interesting inferences about the determinants of shorting demand.  We find that short sales are contrarian signs.  Investors tend to short when the current or past return indicators are high.  At the same time, investors are rational and informed traders in short sales.  They tend to sell short more when there is less risk and less valuation controversy present in the market.  Option market serves as a complement to, rather than a substitution for, short sales.
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Table 1. Summary Statistics
Summary statistics of 
short interest ratio, institutional ownership ratio and firm characteristics 

Panel A reports the monthly time-series averages of equally-weighted cross-sectional means and standard deviations of the variables used in the analysis.  MB is market to book ratio; ADISP (analyst forecast dispersion) is the standard deviation of analysts’ EPS forecasts in I/B/E/S, scaled by the absolute means of forecasts; TURN (turnover) is the monthly trading volume scaled by shares outstanding and divided by two for Nasdaq stocks; IOS (institutional ownership ratio) is the monthly ratio of institutional ownership with stock splits for late filling adjusted scaled by shares outstanding; VOL (volatility) is the standard deviation of monthly individual stock returns for the past 12 months; logSZ is the monthly natural log of market capitalization.  CALL (PUT) is the total call (put) option contracts for a particular stock scaled by thousands of shares outstanding.  LIQ is the yearly Sadka permanent variable liquidity factor.  SIR is the monthly short interest ratio, calculated as the number of shares shorted divided by the monthly outstanding shares.  Panel B reports monthly time-series averages of cross-sectional correlations
.  The sample period runs from January 1988 to December 2005.  

                                                   LIQ         MB        ADSIP     VOL     TURN      RET      logSZ      CALL      PUT       SIR         IOS    

Panel A: means & standard deviations

Mean
 


 0.0006    5.3154      0.1668    0.1489    0.0741    0.0179   19.0324    0.1311    0.0813   0.0289    0.3650

Median


 0.0008    2.0513      0.0364    0.1191    0.0422    0.0039   18.8862    0.0482    0.0218   0.0059    0.3212

Standard Deviation                  0.0037  103.8564    0.9648    0.1183    0.1895    0.1919    2.0707     0.3223    0.2484   0.1583    0.2810

Firms per month (average)        3414       2912         1996       3419       3437       3423       3423        1297       1284      3446       3437 

Panel B: cross-sectional correlations                                                      
MB
                                                                    -0.0051    0.0982
   0.1050   0.0249     0.0678     0.0909    0.0864   0.0406    0.0166

ADSIP
                                                                                    0.1039
   0.0076  -0.0118    -0.0975    0.0149    0.0128  -0.0006   -0.0592

VOL                                                                                                       0.2267   0.0772    -0.3098    0.1919    0.1236   0.0327   -0.2209

TURN
                                                                                                                 0.0944     0.1987
 0.4454    0.4055   0.2103    0.2455

RET







                               
         0.0446     0.0192    0.0241   0.0085    0.0041

logSZ








    
 


 0.0783    0.1251   0.1263    0.6625

CALL













    0.8367   0.5697    0.0000

PUT













                  0.5487    0.0361

SIR
                                                                                                                                                                                             0.1746

Table 2. Pooled Interval Regression

Pooled interval regression analysis is run to estimate the latent shorting demand from January 1988 to December 2005.  Dependent variable (SID) is the monthly realizable shorting demand, which always fall within the interval with the realized short interest ratio as the lower bound and institutional ownership as a conservative upper bound.  Explanatory variables are VOL, RET, lagRET, TURN, lagTURN, CALL, PUT, LIQ, logSZ, logSZSQ, MB and ADISP as defined in Table 1.  The table reports the coefficient estimates with cluster robust error adjusted t-statistics.  

Variables
   Coefficients 

Robust Std. Err.      

Z 

P>|Z|

RET

      0.0137

      0.0035                             3.91                  0.0000

lagRET                 0.0144                          0.0036                            4.04                  0.0000

MB                      -0.00002

     5.57e-06                          -3.39                 0.0000

logSZ                    0.2126                         0.0206                            10.30                 0.0000

logSZSQ              -0.0049                         0.0005                          -10.35                 0.0000

TURN

      0.1360                         0.0187                             7.27                  0.0000

lagTURN              0.0938                         0.0148                             6.34                  0.0000

ADSIP                 -0.0025                         0.0007                            -3.34                 0.0001

VOL

     -0.1743                         0.0214                            -8.13                 0.0000

CALL

      0.0463                         0.0170                             2.73                  0.0060

PUT                      0.0670                         0.0170                             3.95                  0.0000

LIQ                       0.5752                         0.1588                             3.62                  0.0000

_CONS                -2.0932                         0.2241                            -9.34                 0.0000

Lnsigma               -2.5400                         0.0348                          -72.91                 0.0000

Sigma                    0.0789                         0.0027             

Observation summary:                             1,787  (1.323%)    left-censored observations

                                                               129212 (95.64%)    
uncensored observations

                                                                  4,117 (3.047%)     right-censored observations

                                                     
   135116      
            interval observations

Measures of Fit for intreg of SIR, IOS

Log-Lik Intercept Only:   -26515.249     

Log-Lik Full Model:       -20263.578

     





Prob > LR:                     
 0.000

McFadden's R2:                 0.236     


McFadden's Adj R2:                0.235

Table 3. Double Sorting

Monthly cross-sectional returns based on the double sorting of short-selling constraints (SC), conditional on market-to-book ratio (MB), size (logSZ), past 12 month’s return volatility (VOL), analyst forecast dispersion (ADISP), turnover (TURN), call open interest (CALL), and put open interest (PUT)
.  At the end of each month t from January 1988 to December 2005, stocks are ranked by the past 6 month’s mean market-to-book ratio (Panel B), mean size (Panel C), mean past 12 month’s return volatility (Panel D), mean analyst forecast dispersion (Panel E), mean turnover (Panel F), mean call open interest (Panel G), and mean put open interest (Panel H).  Later the portfolios are further intersected by the independent sorting on the past 6 month’s mean short-selling constraints.  All the sortings are in 3 groups.  Stocks are held in these portfolios for 6 months, i.e., one-sixth of each portfolio is rebalanced each month.  The table presents equally-weighted returns on these portfolios with heteroskedasticity-autocorrelation-consistent t-statistics shown in parentheses following Kiefer and Bogelsang (2002).  Returns are reported in decimal points per month.  Significance at the 5% and 10% level is indicated by a and b, respectively.  Panel A presents time-series averages of cross-sectional means and medians of short-selling constraints.

 


   Short-selling Constraints (SC)




   (High)

           (Low)         SC3-SC1        (t-statistics)




   SC1
             SC2
           SC3

Panel A: firm characteristics by short-selling constraints groups

Mean SC (percent)
0.2329

0.1972
          0.1281
          


Median SC (percent) 
0.2260

0.1982
          0.1438
        

Panel B: double sorting on market-to-book (MB)

P1           (High)
 0.0037
0.0046
           0.0123
         0.0086           (3.3266)  


P2


 0.0094
0.0101            0.0179           0.0085           (3.2480) 
P3           (Low)
 0.0129
0.0164            0.0188           0.0059
       (5.2035)a
P3-P1
    Raw

 0.0092            0.0118            0.0065           0.0027           (-0.1236)

   (t-statistics)
            (1.9862)         (2.4281)         (2.8464) 
        

Panel C: double sorting on size (logSZ)

P1           (High)
0.0086
            0.0104            0.0147
         0.0061 
        (2.0475)

P2


0.0089

0.0078
           0.0158
         0.0069            (3.1632) 
P3           (Low)
0.0115
            0.0140
           0.0148
         0.0033            (1.3880)

P3-P1       Raw
0.0029
            0.0036
           0.0001
        -0.0028            (0.0270)

   (t-statistics)
           (0.6638)          (0.5632)          (0.8008)

Panel D: double sorting on past 12 months’ return volatility (VOL)

P1           (High)
0.0037

0.0096
           0.0142
         0.0117            (5.3947)a
P2


0.0102
            0.0104
           0.0164           0.0065            (3.6303) 
P3           (Low)
0.0102
            0.0118
           0.0165
         0.0064
        (3.1211) 

Table 3. (continued)




  Short-selling Constraints (SC)




  (High)

           (Low)          SC3-SC1        (t-statistics)




  SC1
              SC2
            SC3

P3-P1       Raw
0.0065
            0.0022
           0.0023
         0.0042            (4.3199)b
   (t-statistics)             (1.9372)           (1.5289)        (-0.1441)

Panel E: double sorting on analyst forecast dispersion (ADISP)

P1           (High)
0.0097
            0.0119
           0.0160
         0.0063             (2.4776)       

P2


0.0083

0.0089
           0.0134
         0.0051             (3.6919) 
P3           (Low)
0.0087

0.0109
           0.0156           0.0069             (4.4186)b
P3-P1       Raw           -0.0010            -0.0010          -0.0004          -0.0006             (1.2695)

   (t-statistics)            (-0.7214)          (0.6081)         (-1.5217)

Panel F: double sorting on turnover (TURN)

P1           (High)
0.0060

0.0064

0.0174
         0.0114             (4.0174)b
P2


0.0099

0.0119

0.0144
         0.0041             (2.3745)

P3           (Low)
0.0108

0.0121

0.0153
         0.0059             (3.9604)b
P3-P1       Raw
0.0048

0.0057
           -0.0021         -0.0054            (1.5371)

   (t-statistics)             (1.9286)          (2.7553)           (0.3855)

Panel G: double sorting on call open interest (CALL)

P1           (High)
0.0096

0.0107

0.0170
         0.0074             (3.2170) 

P2


0.0077

0.0100

0.0111
         0.0034             (3.9165)b
P3           (Low)
0.0092

0.0111

0.0138
         0.0046             (2.4829)

P3-P1       Raw           -0.0004             0.0004            -0.0032        -0.0028             (1.8872)

   (t-statistics)            (-0.3591)         (-0.6187)          (-1.7219)       

Panel H: double sorting on put open interest (PUT)

P1           (High)
0.0095

0.0099

0.0152
         0.0057
         (2.7121)


P2


0.0079

0.0096

0.0149
         0.0070             (4.3777)b
P3           (Low)
0.0091

0.0119

0.0158
         0.0067             (3.1467)

P3-P1       Raw           -0.0004
            0.0020
            0.0006          0.0010             (0.5285)

   (t-statistics)            (-0.4096)          (0.0443)          (-0.6941)

� Several versions of this research have been presented at the FMA 2010 Meeting in New York on October 22, 2010 and at Eastern Michigan University, Ypsilanti, on May 5, 2010 and University of Tennessee, Knoxville, on August 10, 2010.   


a When stock prices go up, short seller losses get higher, as sellers rush to buy the stocks to cover their positions.  This rush creates a higher demand for the stock and quickly drives up the price even further.  This phenomenon is known as a short-squeeze.  Premature short-squeeze repayment is the payments or the losses the short sellers are forced to put in the accounts or to assume in liquidating their position, due to margin call, when short-squeeze happens.   Accessed on April 3,2010, at  �HYPERLINK "http://www.investopedia.com/university/shortselling/shortselling3.asp"�http://www.investopedia.com/university/shortselling/shortselling3.asp�


� Hence, this sample cannot be representative of the entire shorting market.  


� For example, it is left-censored data where the lower bound is negative infinity, or right-censored data where the upper bound is positive infinity


� Unless the sophisticated investors are willing to incur higher costs, such as asking for a negative rebate rate from the current owners, as an extreme example.


� Americus Trust Components that are created by repackaging certain common stocks into a five-year warrant unit for the underlying stocks (scores) and a five-year holding unit of the stocks but with a covered call (primes). 


� This paper  uses short interest to shares outstanding ratio by following Asquith et al.’(2005) argument that short interest to shares outstanding ratio is a better measure in reflecting the information of informed investors than the traditional short interest ratio.  


� LIQ is not included in Panel B, because it is the same for all the stocks in the market for a given year. 


� LIQ is the market liquid risk and does not vary across firms.  Therefore, double sorting based on LIQ and shortcons is not necessary.  
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